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Abstract 
The production of micro components has received much attention on the last years and has recently become one of the crucial tasks 
of product and processes oriented research. During the production of very small parts, many unanticipated manufacturing errors 
such as cracks, wrinkles and form deviations may occur. In order to minimize these defects (flaws) and simultaneously achieve an 
economically efficient production of micro parts the suitable methods for quality inspection are required. This paper focuses micro-
components manufactured by means of micro-cold forming techniques. The new methods for error detection in micro components 
are proposed. The quality of presented approach will be demonstrated in numerical examples.  
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1. Introduction 
The manufacturing of micro machined structure parts 
play nowadays a crucial role in economic environment. 
With the current pace of developments in technology, it 
is important to make the production of small components 
efficient and flexible. The quality of product should 
increase with simultaneous reduction of production costs 
and time.  
In order to guarantee the high quality of the micro 
components, the monitoring of quality throughout every 
step of production is required. Because of size effects [9] 
occurring during scaling the process to micro scale many 
addition unanticipated manufacturing errors may occur. 
Thus in miniaturized manufacturing the conventional 
control methods can become more complicated. Further, 
in order to obtain the maximal efficiency in quality 
assurance as many defect classes as possible have to be 
separately evaluated.    
In this paper the quality characterization methods for 
the micro cups which are results of a micro deep-
drawing process performed in the CRC 747 “Micro cold 
forming” are considerate. In a micro drawing process a 
thin metal sheet is fixated under a punch, which then 
draws the sheet into the required form.  
To get the characterization done in reasonable time, 
the confocal laser microscopy is used. Since the obtained 
image data of the micro parts are mostly very noisy, 
characterization becomes extremely complicated. 
Therefore, new methods for error detection in micro 
components are proposed. The noise in measured data of 
micro cups is reduced and the edge of cup is detected by 
use of the Perona-Malik diffusion. In order to achieve 
the desired characterization of the product the suitable 
2D and 3D measurements data are required.     
Available online at www.sciencedirect.com
 13 The Authors. Published by Elsevi r B.V.
lection and peer-review under responsibility of The International Scientifi c Committee of the “14th CIRP Conference on Modeling of Machining 
Operations” in the person of the Conference Chair Prof. Luca Settineri
Open access under CC BY-NC-ND license.
Open access under CC BY-NC-ND license.
433 Iwona Piotrowska-Kurczewski et al. /  Procedia CIRP  8 ( 2013 )  432 – 437 
 
The presented algorithms focus on the different defect 
classes which in general have different causes. In 
particular the optimal shapes as well as the surface 
structure errors of the micro cup are established. The 
optimal shape of the micro cup is absolutely circular 
when seen from above with the almost flat bottom. Due 
to manufacturing defects or wrong placing during 
measurement, this is apparently not always the case. In 
addition to the 3D shape, the 2D surface information is 
also used to guaranty very good classification results. 
Here, statistical feature representations are introduced 
combined with a multi-scale analysis technique.  
Authors presented the main defect classes and way 
they can be extracted from the image data. Moreover, 
the presented methods may improve the level of 
precision in micro production and simultaneously 
minimize costs of them. However presented methods can 
be involved in monitoring and diagnostic process in 
micro-manufacturing. On the other hand the presented 
algorithms are the last steps in modeling of production 
chain and could be consider as a start point for parameter 
identification.    
2. Methods   
In Figure 1 is shown an overview of the working 
steps to obtain the characterization of micro cups. The 
description consists of two main steps. First the edges in 
the measurements of the cup have to be established. 
Second, the flaws in micro part have to be found and 
classified.  
The quality inspection based on image data which are 
generated by confocal laser microscopy. These in 
general contain irrelevant information and are mostly 
very noisy.  
Usage of standard smoothing algorithms leads often 
many problems such that the essential information about 
the measurements is suppressed. Even if the noise is 
reduced sufficiently there may be far too many edges to 
make a definite statement about the quality of the micro 
part. To preparing the data Perona-Malik diffusion is 
applied. The idea behind this smoothing algorithm is to 
use a certain partial differential equation (PDE) instead 
of solely applying filters to the image. The purpose is to 
reduce noise and edges that are weaker than a certain 
threshold, while preserving the main edges on the rim of 
the workpiece. First the ellipse searching algorithm 
which worked with 2D image data is applied. Here the 
center of the micro cup and thus their exact position has 
to be determined. In particular the statement about the 
roundness of the cup is possible. 
The rim characterizations as well as the structure 
defect detection methods are applied to 2D image data. 
The form deviation is evaluated from 3D image data. 
 
Figure 1: Overview of the working steps  
Obviously, it is possible that not all defects occur 
simultaneously. Therefore each sample should be 
verified on a many different defect classes as possible. 
After, the assessment of the cup quality is done. 
3. Algorithms 
In this section we will look more closely at the 
methods presented in previous section.  
3.1. Perona-Malik diffusion equation  
First of all the measurements data have to be 
prepared. Thus the concept of the smoothing     
algorithm which based on diffusion equation is 
presented. This approach was introduced by Pietro 
Perona and Jitendra Malik in [6]. As for prerequisites, 
the reader is expected to be familiar with the theory of 
partial differential equation (PDE). Otherwise we refer 
the reader, for example to [4]. Generally a PDE is an 
equation which includes the partial derivatives of an 
unknown function  of more than one independent 
variable. 
The Perona-Malik equation derives from the well 
knows Heat-equation ( = ( , ) ) combined with 
first Fourier’s law and the energy conversations law. 
Since the diffusions equation can move and eventual 
eliminates all edges and thereby change the 
characterization of micro parts under consideration, the 
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isotropic diffusion has to be taken.   It yields the 
following equation: 
= ( (| |) )                        on   ,
= 0                       = normal of   ,
(0, ) = ( )                                 on    .
                 
(1)   
It is a so-called anisotropic diffusion equation with 
Neuman boundary conditions. Here  (| |)  with 
: [0, ] [0,1] is a monotonously decreasing function 
and fulfill (0) = 1, lim ( ) = 0. Thus, the flow is 
not only proportional to the gradient ( , ) but is also 
controlled by appropriate choice of function . The 
regions with the low | | are plains and to reduce the 
noise the high diffusion coefficient have to be chosen. 
The high | | describe regions near edges and have to 
be preserved with a low diffusion coefficient. In 
consequence the choice of the function  strongly 
depended on the considerate problem. For numerical 
implementation a matrix based finite element approach 
is used [1]. For more information on Perona-Malik 
algorithm and their numerical implementation the 
interesting reader is refer to [1]. For the proofs of 
existence and uniqueness of the partial equation (1) we 
refer the reader to [4]. 
3.2. Ellipticity/Center point search algorithm  
One of the damage of the micro cup arising during 
the manufacturing is that their form may deviate from 
the optimal. To be able to assess ellipticity of the cup 
and make statements about this position, the ellipse 
which approximates the cup best have to be found.  
There are many works available on ellipse--detection 
in images which used a modified Hough transformation. 
In such approaches an accumulator array is filled using 
the geometry of an ellipse to find the prevalent one. The 
main task of those papers is to reduce the size and 
dimension of the array. Although there can occur quite 
often a two systematic problems. First the object is not 
elliptical, it can only be approximated by an ellipse and 
this ellipse may only have a few edge points on it. 
Secondly, there may be another ellipse inside the outer 
rim. In this case Hough transformation-based approach 
then cannot to return the parameters of the wrong ellipse.  
A new approach that worked best for the problem 
under consideration, based on the Snakes algorithm [2], 
is presented. The algorithm is based on the fact that two 
ellipses, of which one lies in the other, cannot touch in 
more than two points. A test ellipse is placing outside 
the ellipse that shall be characterized. In each step of the 
iteration its change depends on, if and how, the two 
ellipses meet. 
This algorithm proved to be quite stable and fast as 
long as there are only negligible edges outside the 
ellipse. A combination with an eliminating particle 
swarming optimization as is done by the authors in [3] is 
neither fast nor did it help to increase the quality of the 
found parameters. In some cases the swarming method 
even led away from the wanted parameters. 
The ellipse which approximates the outline of our 
workpiece best gives us at once the exact position of 
them. This information is crucial for further quantity 
control algorithms of the cup. Moreover it yields 
information about the roundness deviation of the cup’s 
form. In the case of the perfectly manufactured part the 
both radius are equal.   
3.3. Characteristic of the rim  
The goal in this section is to give an algorithm for 
assessment of the rim’s characteristic. Let ( )  be a 
function which describe the distance of the actual edge 
to the optimal ellipse for [ , ] . The two 
dimensional outline of the workpiece is transformed into 
an one dimensional function ( ).  
 
 
Figure 2: Transformation of the edge to the function .  
To find this functions, the algorithm search for the 
outermost edge for every , see Figure 2. If the distance 
is less than a certain maximal distance from found the 
ellipse, the distance and the associated angle  is saved 
into two vectors. The desired function ( )  is then 
determined using smoothing and interpolation in case 
there are no values for some angles . There are now at 
least two values that can be derived from the function  
to characterize the rim. The first one can calculate t he 
deviation of  from the average value  as follow 
= | ( ) | d                                             (2) 
The deviation is a value representing all production 
errors of the rim finer than ellipticity. To get a more 
general value for the quality, this is normalized by 
dividing by the number of edge-points found in the 
image.  
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Another way to characterize the rim is the application 
of Fourier analysis to . This yields information about 
how the rim is structured exactly. This might be the most 
useful approach in practice since ripples with higher 
frequencies mostly have totally different causes 
compared to ripples with low frequency. 
3.4. Shape deviation of the bottom  
The algorithm for evaluating the form of the cups 
bottom compares the height data of cup with shape of 
the optimal workpiece. These yield a value that 
represents the deviation between these two. Here 3D 
data of the workpiece is required. Moreover the exact 
position of the workpiece, which provides a center of the 
cup and two main axis are needed. Let > 0 be a 
found ellipse radius and let > 0 be an arbitrary radius. 
Moreover, for every  [0, ]  a function ( ) 
described a distance between the center of the cup and 
the points with radius  in the ( , ) -plane. The 
algorithm is divided into two steps. First a tilt of the cup 
should be compensating. Therefore the coefficients  
,  and  are calculated such that the plane  
( ) + ( ) + = 0                         (3) 
has minimal square distance to the points of the 
workpiece’s bottom. Here ( , ) denote the center of 
the workpiece and ( , ) is the position in the image data.  
Secondly, the constant  is calculated such that 
( ) +  fits the cup which best compensating the tilt. 
Comparison between ( ) +  the height data indeed 
gives us a value representing the form quality of the 
bottom and to a degree the quality of the rim’s curvature.  
Note that this program should only be run in case the 
workpiece is almost perfectly circular.  
3.5. Structure error  
The major challenge in automated surface inspection 
is the variation of surface defects in shape, size and 
orientation. Many applications learn a specific defect 
model which is not robust against unknown defect 
classes. Here, we present an algorithm for 2D surface 
analysis which is not limited to a specific defect class 
and treats surface defects as maximum changes in 
texture in an unsupervised fashion [7]. The different 
steps of the 2D surface inspection algorithm are 
represented in Fig. 1 (2D image). In a first step the input 
image is decomposed into different resolution and 
orientation sub-images. We use a steerable pyramid 
technique introduced by Simoncelli [8]. This procedure 
decomposes an image into different orientation weighted 
sub-bands by applying a Gaussian filter bank. As an 
ideal tradeoff between defect detection accuracy and 
runtime each image is decomposed into 6 orientation 
sub-images starting from 0° to 150° in 30° steps. After 
orientation decomposition each sub-image is low-pass 
filtered and reduced by a factor of 2 in width and height. 
The procedure is repeated until 4 resolution stages. 
Combining the orientation and resolution decomposition 
results in 24 sub-images for each input image in total. 
In a second step the local binary pattern operator 
(LBP) is applied for each sub image [8]. The LBP 
operator is a nonlinear feature representation on pixel 
level. Each pixel pc is weighted by thresholding its 3×3 
pixel neighbors pm and a LBP weight is calculated by 
applying  
( , ) = ( )2                          (4) 
where P is the total number of pixel neighbors. The 
LBP value represents the change in texture for each 
pixel individually. A LBP weight of 0 represents no 
local change in texture and vice versa. For rotation 
invariance a shifting technique like presented in [5,7] is 
applied. After the decomposition and LBP calculation 
step each pixel is replaced by its local weight for texture 
change. 
To extract local changes in texture each sub-image is 
divided into overlapping block of the size 32×32px with 
an overlap of half the block size. The LBP weights in 
each block are used to generate a statistical feature 
representation for each block by combining the weights 
to basic statistical values, like minimum, maximum, 
mean, median, standard deviation and kurtosis.  
Based on the different ranges of the statistical 
representations a normalization step is required. Here all 
statistical values are normalized by calculating the z-
score of each feature. This results in a representation of 
the features in a range of [0,1]. Finally, all statistical 
representations are summed up in an orientation vice 
order. If at least 2 different orientations vote for the 
same defect location, the location is treated as defective. 
A more detailed description of the method is presented 
in [7]. 
3.6. case study 
In this section the proposed algorithms are tested on 
image data. The algorithms have been implemented in 
Matlab and tested on experimental data of two different 
measurements of micro cups. All experiments are carried 
out on the micro forming machine. The micro parts are 
measured with the confocal microscope Keyence VK-
9700, see Table 1 for technical information. The used 
work piece materials are copper and aluminum. 
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Table 1: Technical Data Keyence VK-9700 
Number of pixels 2048x1536 pixel 
Measurement Range (vertical)  
(highest enlargement) 
Resolution 0.001 micron 
Repeat accuracy 0.02 micron 
Optical Zoom 1x to 6x 
Light-receiving element Photoelectron multiplier Tube 
 
Figure 3 shows two example of micro cups with 
corresponding 2D and 3D image information and 
varying defect characteristics. We refer to them in the 
following as cup 1 and cup 2. 
Before the defects will be determined, the influence 
of noise in the 3D representation has to  
 
 
Figure 3: Examples of 2 micro cups and the corresponding 2D and 3D 
representation 
 
be reduced by means of Perona-Malik de-noising to 
improve the inspection result. Perona-Malik diffusion is 
applied to these two micro cups, while the choice of the 
function  given by 
( , ) = ( ( ) )                                                     (5) 
seems to be the best adapted to the proposed problem.  
Moreover, the kernel  was changed during each 
iteration. Results after denoising of the 3D 
representations are shown in Figure 4. 
 
 
Figure 4: 3D micro cup representation original (left) and after de-
noising (right). 
Both samples were tested on the presented procedure 
for geometry error estimation which shows deviation 
from the optimal circle shape. The left figure represents 
the structure of the rim and the arrow defines the starting 
angle 0°. The plot shows the distance from an ideal rim 
model with respect to the original value. 
 
 
Figure 5: Geometric error estimation on cup 1 and cup 2 
The calculated shape error of the bottom on cup 1 is 
12.7 and on cup 2 the error is 2.4. In this case cup 2 will 
not be treated as a defective component, because the 
shape error is too small.  
On the other hand the unevenness of the rim is quite 
high in both cases (cup1: 3.8; cup2: 4.7). The higher 
value of the error on cup 2 can be extracted from the two 
right plots in Figure 5, where the maximum amplitude of 
cup 2 is 0.04 mm and on cup 2 just 0.025 mm. 
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This means, we definitely treat cup1 as defective, 
because two geometric error measurements are larger 
than the allowed value. In the case of cup 2 just one 
geometric error measurement votes for defect. 
To improve the defect detection performance and 
reliability we also take the 2D information into account. 
One problem of the proposed image de-noising method 
is that it also deletes image information which is not part 
of the measurement noise. For example cup 2 in Figure 4 
shows defective areas on the top of the cup which will 
be deleted after de-noising.  
Applying the proposed statistical surface inspection 
method to the 2D images result in the statistical feature 
representations shown in Figure 6. 
 
 
 
Figure 6: Statistical surface inspection results for the features mean and 
median 
Red ellipses represent the ground truth error label. 
The statistical representations calculate the local defect 
probability and plot it on the z-axis in a range of [0,1]. 
Red represents high defect probability. 
The surface errors are detected in both scenarios and 
therefore each cup receives a defect vote. Combining 3D 
geometry error estimation with the 2D surface inspection 
results in a much more reliable and accurate defect 
detection technique. 
 
4. Conclusions 
In this paper we presented new algorithms for quality 
inspection of the micro parts. The developed methods 
cover a wide range of possible errors which can make 
the micro cups useless. The algorithms are applied to 
two different measurements samples and shows a 
potential of introduce methods. In order to achieve a 
high quality of the micro cup, it is important to test all 
samples on different defect classes. It can be seen in the 
case of the cup 2. Here even the bottom of the cup 
satisfies a required shape there may be errors in the 
surface of the cup.  
Moreover mathematical methods for reduction of the 
noise in 3D measurements are presented. Here, 
simultaneously the edges of the cup are detected.  
Quality control is the last and most important part in 
production chain. In order to achieve an economically 
benefit the computation time of presented methods 
should be minimized.  
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